Introduction {#Sec1}
============

Rice is one of the world's most important staple foods and provides 30% of the calories consumed in Asian countries. The conditions of rice cultivation vary from flooded wetland to rainfed dryland. In rainfed systems, that occupy about one-third of the growth area, drought is the major environmental factor that reduces productivity by 13--35% (Jongdee et al. [@CR20]; Lafitte et al. [@CR25]). However, as a consequence of centuries of breeding efforts in environments with different water availability, drought tolerance in rice cultivars ranges from very susceptible to highly tolerant. In recent years, the use of this genotypic variation for genomic research on drought tolerance mechanisms has been enhanced by the development of introgression lines from drought tolerant donor cultivars into elite cultivars and the selection of drought tolerant backcross populations (Li et al. [@CR30]; Lafitte et al. [@CR25]). The genotypic variation in drought tolerance together with the genetic tools available for rice, such as marker maps, sequence information, and microarrays (Matsumoto et al. [@CR35]; Rensink and Buell [@CR46]) and the possibility to test the agronomic relevance of a scientific discovery (Xu et al. [@CR65]), make rice a most interesting model system for research in drought tolerance of grass crops.

Drought is a multifaceted stress condition. It comes in many forms with respect to timing and severity, ranging from long drought seasons where the water supply by rain is lower than the demand, to short periods without rain where plants rely completely on the available water in the soil (Fukai and Cooper [@CR13]; Lafitte et al. [@CR25]). In addition, water availability in the soil varies with respect to amount and distribution (Clark et al. [@CR7]). Different durations of stress require different physiological adaptations: short periods of severe stress might favor a "wait and see" tolerance strategy. Long periods rather require an avoidance strategy: growth can be kept up by increased water uptake from lower soil layers by deeper roots combined with an improved water conduction capacity of the root system or a decreased water potential of the plant (Levitt [@CR29]). Decrease in water potential often correlates with a decrease in osmotic potential through the accumulation of osmolytes (Turner and Jones [@CR56]). In addition, compatible osmolytes are assumed to protect macromolecular structures from conformational changes at lower water potentials (Hanson et al. [@CR18]; Zhang et al. [@CR67]; Jongdee et al. [@CR21]). These strategies help to keep up turgor and thus growth and water uptake under reduced water availability. Correlations between the capacity for osmotic adjustment and the performance under early-season drought have been shown, e.g. for wheat cultivars (Blum et al. [@CR5]; Zhang et al. [@CR68]) whereas direct evidence for a role of osmotic adjustment in drought tolerance of rice is still limited (Mitra [@CR37]; Jongdee et al. [@CR21]; Hazen et al. [@CR19]). Another important drought resistance strategy is the optimization of CO~2~ gain through stomatal aperture while minimizing water loss (Price et al. [@CR43]). Efficient regulation of transpiration can result in higher water use efficiency, thus resulting in increased biomass at the end of a drought period. Higher seedling vigor and maintenance of a high leaf water potential correlate with a better drought recovery and thus a better performance of plants after early season drought (Jongdee et al. [@CR21]; Kamoshita et al. [@CR22]; Siopongco et al. [@CR51]). Studies of the response of rice plants to long-term water stress may thus result in the identification of drought tolerance mechanisms relevant for the development of drought-adapted crops that will ultimately give more,crop per drop'.

Here we used gene expression profiling in combination with a detailed physiological analysis of drought sensitive and tolerant rice cultivars to identify plant reactions that may contribute to long-term drought tolerance. In addition, we used published quantitative trait loci (QTL) data to evaluate the significance of candidate genes identified in our profiling experiments (Wayne and McIntyre [@CR63]; Hazen et al. [@CR19]). Our approach was to compare the drought response of unrelated tolerant and sensitive cultivars to identify common responses of tolerant in comparison to sensitive cultivars. We thus aim to identify traits which are of general importance for drought tolerance in rice and, using orthology as well as synteny approaches, other cereal crops as well.

Material and methods {#Sec2}
====================

Plant material, cultivation and drought stress treatment {#Sec3}
--------------------------------------------------------

Seeds of rice (*Oryza sativa* L.) cultivars Nipponbare (IRGC accession 12731) (NB), Taipei 309 (IRGC accession 42576) (TP), and IR57311-95-2-3 (IRGC accession 17509 (INGER)) (IR) were obtained from the International Rice Research Institute (IRRI, Manila, Philippines), seeds for the rice cultivar LC-93-4 (LC) were obtained from the Institute of Biotechnology (Hanoi, Vietnam). The seeds from NB, TP and IR that were used in the experiments were derived from plants grown at the Max-Planck-Instiute of Molecular Plant Physiology.

Rice plants were grown under water sufficient and water limiting conditions in three independent experiments (\#1--3 in a controlled climate chamber) together with 17 additional cultivars from a Vietnamese tolerance breeding programm. The design was a split-plot design with five blocks per drought or control treatment. Each treatment and cultivar was represented by five replicate pots with one plant per pot. Pots were randomized within the blocks. Block position was rotated daily. In two additional experiments (\#4 and 5), five plants per cultivar and treatment were grown in a Latin square design.

Seeds were pre-germinated in tap water at 28°C for ten days. Plantlets were transferred to a climate chamber with 12 h day length at a photon flux density of 600 μE m^−2^ s^−1^ (Lamps: Iwasaki Eye MT 400 DL/BH E40, DHL Licht, Wülfrath, Germany); temperature was 26°C in the light and 22°C at night, with a relative humidity of 75% in the light and 70% at night. Plantlets were grown in 10 cm diameter pots (TO 10 D, Kauseck, Mittenwalde, Germany), filled with 540 g sand mixed with 8 g of Lewatit HD 50 (Lanxess, Langenfeld, Germany), an ion-exchange resin loaded with nutrient ions and 0.4 g Fetrilon Combi (Compo, Münster, Germany) (Köhl [@CR24]). Soil layer was 7.5 cm deep. Pots were positioned in polypropylene boxes filled with water to the level of the substrate surface. Pot surfaces were covered with black, pinpricked polythene film (Aquafol, Reinmann, Emsdetten, Germany) to prevent growth of algae. Twenty-six days after sowing, water was removed from half of the boxes and plants were left to dry for four days, until the soil water content had reached the average permanent wilting point (PWP) for 50% of all plants in the experiment (105 plants from 21 cultivars). Thereafter, the soil water content was kept constant to the fixed average PWP value over a period of 14 days by daily weighing each pot at the end of the light period and adding the amount of water lost during the last 24 h. Water use efficiency was calculated from these data as the average daily evapotranspiration during the drought treatment divided by the dry biomass of the plant at harvest. The daily evapotranspiration was determined from the pot mass after addition of water minus pot mass after 24 h evapotranspiration (prior to addition of water). Data were not corrected for the daily water loss from pots without plants, which was about 8 g water per day and pot.

During this moderate drought stress period, stressed and control plants were characterized by repeated measurements of leaf length, tiller number and scoring (1 growth normal, leaves green, 3 some leaves discolored, 5 most leaves discolored, 7 most leaves dry, 9 complete plant dying) based on the stress damage score of the IRRI (Mitchell et al. [@CR36]) in experiments \#1--3. Water potentials were measured in the experiments \#4 and 5. Pre-dawn water potential was measured after 18 days of stress using a Scholander pressure bomb (Plant water status console 3000 series, Soil Moisture Equipment Corporation, Santa Barbara, CA, USA). Pots were removed from the climate chamber 30 min before the end of the dark period and kept dark until the measurement. Mid-day leaf water potential was measured in the middle of the light period, 24--26 days after the beginning of stress treatment.

After a total of 19 days of drought stress, plants from experiments \#1--3 were harvested 5 h after the beginning of the light period. Samples for expression profiling and osmolality determination were harvested from the middle section of the blades of fully expanded green leaves and immediately frozen in liquid nitrogen. The middle sections of leaves were selected to avoid taking material from the elongation zone at the base of the leaf blade or senescent tissue at the top of the leaves, especially in stressed plants. Fresh (FW) and dry weight (DW) of the remaining leaf blades, and of total shoots and roots were determined. Actual shoot water content was determined as (FW − DW)/DW and expressed as g water per g dry weight. Saturation water content was determined after 24 h resaturation in tap water (Turner [@CR55]; Lafitte [@CR26]). From each plant, a leaf was cut, weighed to determine the fresh weight and positioned with the cut end in tap water in a closed vessel. After 24 h incubation at 4°C, saturation weight (SW) was determined. Leaf samples were then dried for 48 h at 60°C to determine dry weight (DW). Relative water content was calculated as (FW − DW)/(FW − SW). For leaf osmolality measurements, frozen leaf material was homogenized and mixed with 1 μl ddH~2~0 per mg sample. After centrifugation, osmolality of the supernatant was measured in a vapour pressure osmometer (Vapro 5520, Vescor, Logan, USA). The readings were corrected to the water content of the orginal samples.

The distribution of log-transformed dry weights of shoot and root, untransformed shoot:root ratios, actual and relative water content and water potentials was checked by proc uniform (SAS 9.2, SAS-Institute, Cary, NC, USA) and values beyond means ± 3 standard deviations were removed from the data set. Analysis of variance was performed using proc GLM on the terms condition, cultivar and the condition × cultivar interaction, means were compared by the Ryan-Gabriel-Welch-Test.

Genotyping {#Sec4}
----------

For each cultivar, DNA was isolated from leaf material from three independed plants using the CTAB extraction method (Doyle and Doyle 1990). DNA concentration was measured photometrically (NanoDrop ND-1000 UV-Vis spectrophotometer, NanoDrop Technologies, Wilmington, DE, USA). Seven subspecies-specific sequence tagged site (SS-STS) markers were selected from (Chin et al. [@CR6]), primer sequences are given in Supplementary Table 1. Polymerase chain reaction was carried out in 50 μl reaction volume with 100 ng DNA, 0.1 nmol forward and reverse primer, 25 ng dNTP mix, 57.5 nmol Mg^2+^) at an annealing temperature of 53°C and an elongation temperature of 72°C for 40 cycles. Reaction products were separated on a 3% agarose gel.

Gene expression profiling {#Sec5}
-------------------------

Transcript profiles were measured on NSF rice 20 K oligonucleotide microarrays (<http://www.ricearray.org>), on which 50--70 mer oligonucleotides representing 20,230 randomly chosen genes from the rice genome are spotted. The profiling was performed with a modified version of a previously developed quality controlled method (Degenkolbe et al. [@CR8]). PolyA + -RNA was extracted with magnetic beads (Dynabeads oligo (dT)25, Dynal, Oslo, Norway). After DNase treatment, concentration and quality of extracted mRNA was measured photometrically and with a Bioanalyzer (Agilent Technologies, Santa Clara, CA). Contamination with DNA was checked by quantitative PCR (see below) using an intron specific primer pair (LOC_Os01g01840) and a primer pair specifically amplifying intergenic DNA. The sequences of all primers used in this study and the identifiers of all corresponding genes are given in Supplemental Table S1. To minimize biological variance, mRNA from four plants originating from the same experiment, condition and cultivar was pooled. cDNA was synthesized using SuperScript III (Invitrogen, Carlsbad, CA, USA) and purified by precipitation, using Bioline Sure Clean (Bioline, Luckenwalde, Germany). Yield of cDNA synthesis was determined photometrically. The quality of cDNA synthesis was evaluated by qRT-PCR using primer pairs specific to the 3′ and 5′ end of the cDNA of the housekeeping gene actin 1 (Supplemental Table S1), and cDNA synthesis was repeated for samples with a difference of Ct3' and Ct5' of more than 1.5 cycles. Samples were directly labeled with the fluorescent dyes Alexa Fluor 532 and 647 (Qiagen, Hilden, Germany) following the manufacturers instructions. Labelling efficiency was measured photometrically (NanoDrop ND-1000 UV-Vis spectrophotometer, NanoDrop Technologies, Wilmington, DE, USA). Labelled cDNA was hybridized to the arrays in the hybridization station Hybarray12 (Perkin Elmer, Wellesley, MA, USA).

After hybridization and washing, microarrays were scanned with a FLA-8000 laser scanner (Fuji, Tokyo, Japan). The software GeneSpotter 2.4.3 (Microdiscovery, Berlin, Germany) was used to fit the grid position of the spots and to calculate spot intensities. Spots for which intensity was affected by dust or dirt were flagged manually.

Hybridization design {#Sec6}
--------------------

A total of 28 samples, each representing mRNA from four pooled individual plant extractions, were hybridized to 14 arrays. The hybridization design was optimized for the estimation of the effects of condition and the condition × cultivar interaction taking a variance minimization approach (Landgrebe et al. [@CR28]). In a two-step procedure, a smaller design for one sensitive and one tolerant cultivar was enlarged to encompass all four cultivars by integrating eight additional arrays. The optimization was programmed using R (R Development Core Team, 2007) and carried out on the 16-node Beowulf Linux-Cluster at the University of Potsdam. R-scripts are available upon request and from '<http://bioinformatics.mpimp-golm.mpg.de/projects/own/d2cma/>'. Allocation of the three biological replicates of each of the combinations of treatment and cultivar was completed such that a balanced distribution with respect to the labeling was achieved. Also, each combination of condition and cultivar from all experiments was used at least once (Supplemental Fig. 1).

Background correction, normalization and testing {#Sec7}
------------------------------------------------

Microarray signal intensities were background corrected and normalized before statistical analysis. Background correction was done based on the expression signal of 218 spots representing a hygromycin resistance gene that is not in the genome of the investigated cultivars. Any spot with an expression below the mean plus threefold standard deviation of the intensity of the hygromycin gene spots of the respective array and dye was labelled as below background. This applied to 40--70% of the spots on all arrays, in good agreement with results obtained for published images from 20 K NSF rice arrays (<http://www.ricearray.org>). Spots identified as below background were given the weight of zero in normalization and excluded from further analysis.

Normalization and statistical testing was performed using the R package limma (R 2.3.1, limma version 2.7.3; Smyth [@CR52]). The normalization methods Median, Loess, Robustspline, and Printtiploess for within array normalization and Vsn, Scale and Quantile for between array normalization were compared. The methods Robustspline for within array normalization and Quantile for between array normalization yielded the smallest differences between arrays with respect to the position of the median, the variation and the shape of the distribution curve between arrays and were used to normalize the data. The *p*-value distribution for the effects of array, dye (red or green), condition (control or drought), tolerance group (tolerant or sensitive) and the interaction term condition × tolerance group was calculated in SAS 9.2 using proc glm and proc uniform. In spite of the almost identical distribution of the normalized data, we found that both array and dye had a significant (*F*-Test, *p* \< 0.1) effect for more than 25% of the genes (Supplemental Table S2). Thus, the linear model fitted in the R package limma (version 2.7.3) to model the systematic variation in the data included the main effects dye, condition (E-effect), tolerance group (G-effect), and the G × E interaction. Afterwards, for the comparisons of interest, moderated t-statistics that use an empirical Bayes method were calculated. Differentially expressed genes were identified using the decideTests function (method global, fdr corrected *p*-value \< 0.05; Benjamini and Hochberg [@CR4]) in the R package limma. The interaction factor *I* was calculated based on normalized logarithmic expression values E as *I* = (E(dT) − E(cT)) − (E(dS) − E(cS)), with c indicating control, d indicating drought treatment, T = tolerant cultivars, S = sensitive cultivars).

Gene mapping and MapMan annotation {#Sec8}
----------------------------------

Genomic positions of rice genes were determined by aligning the un-spliced genes to the rice genome using BLAST (Altschul et al. [@CR1]). Genomic as well as gene sequence information was obtained from the TIGR Rice Genome Annotation resource (<http://rice.tigr.org>). To establish a mapping of the genes represented on the NSF rice array to the MapMan bins (Thimm et al. [@CR54]), translated sequences of the transcripts were aligned (BLASTX version 2.2.12) against the TAIR Arabidopsis peptide database version 6. The best blast hit was extracted. Genes whose array annotation and annotation of the best blast hit were identical were put in the MapMan bin of the best blast hit. Additionally, the GO (gene ontology) Term was used to sort genes into MapMan bins in cases of differences in the annotations of the gene and the best blast hit, poor blast E-values or for large gene families. A Wilcoxon rank sum test implemented in MapMan was used to extract bins whose gene members exhibited a significantly different regulation compared to all other bins (fdr corrected *p*-value \< 0.1). Additionally, the Fisher exact test of the software PageMan (Usadel et al. [@CR58]) was used to test for significant overrepresentation of significantly induced or repressed genes within the MapMan bins.

Comparison to quantitative trait loci (QTL) {#Sec9}
-------------------------------------------

The genome position of the genes represented on the NSF array was compared to the position of drought stress QTL published for rice in the Gramene Database (<http://www.gramene.org>). Genes were considered to map to QTL regions when the midpoint of the mapping coordinates of the start and end positions of the corresponding gene fell within the QTL region boundaries.

To test whether candidate genes detected from the expression studies were significantly overrepresented in known drought QTL regions, we used the Fisher exact statistical test applied to the 2 × 2 contingency table containing the Yes/No counts for "Is Candidate Gene" and "Maps to QTL", respectively.

Quantitative RT-PCR (qRT-PCR) {#Sec10}
-----------------------------

Leaf material of experiment \#4 was used to validate the microarray expression data on a subset of 45 genes that showed significant condition × tolerance group interaction and mapped within QTL. For each combination of cultivar and treatment, three plants were sampled. RNA isolation and cDNA synthesis were performed as for microarray expression profiling, but mRNA samples from single plants were used for cDNA synthesis. qRT-PCR was performed with the ABI Prism 7900HT (Applied Biosystems, Foster City, CA, USA) in 5 μl reaction volume (0.5 μl cDNA, 2 μl primer mix (0.5 μM each), 2.5 μl SYBR Green Master Mix (Eurogentec, Seraing, Belgium). Primers for qRT-PCR were designed using the software PrimerExpress (Version 2.0, Applied Biosystems) and all primer sequences together with the gene identifiers are given in Supplemental Table S1. Quality of the primers was checked with the webtool NetPrimer (PREMIER Biosoft International). To ensure specific amplification in *japonica* as well as *indica* cultivars. Primer sequences were blasted on the Gramene Database Webpage and on the Beijing Genomics Institute database (<http://rice.genomics.org.cn>). Correct size of the amplified region for each primer pair was checked by agarose gel electrophoresis.

Data were normalized based on the expression data of the housekeeping genes actin 1 and cyclophilin. Normalized expression of the genes of interest was calculated by dividing the average relative expression (primer efficiency P to the power of cycle number Ct) of the two housekeeping genes (H1 and H2) by the relative expression of the gene of interest (GOI): ((P~H1~\^Ct~H1~ + P~H2~\^Ct~H2~)/2)/P~GOI~\^Ct~GOI~. Primer efficiency was calculated using LinRegPCR (Ramakers et al. [@CR44]).

A linear model that included the factors condition, tolerance group and the condition × tolerance group interaction was fitted and an ANOVA was performed to identify genes with a significant effect of tolerance group or condition × tolerance group interaction on gene expression.

Results {#Sec11}
=======

Characterization of cultivars by their physiological response to long-term drought stress {#Sec12}
-----------------------------------------------------------------------------------------

Drought treatment significantly reduced total biomass (root plus shoot dry weight) of the four rice *(Oryza sativa* L.) cultivars Nipponbare (NB), Taipei 309 (TP), IR57311 (IR) and LC-93-4 (LC) by up to 79% (Fig. [1](#Fig1){ref-type="fig"}). Shoot:root ratio increased significantly under drought stress but showed no significant cultivar effect (Table [1](#Tab1){ref-type="table"}). Dry weight of both shoots and roots was significantly higher in the cultivars LC and IR than in NB and TP (Table [1](#Tab1){ref-type="table"}) under both control and drought conditions. Likewise, LC and IR scored better in a visual scoring test (Supplemental Table S3). More than 75% of the LC and IR plants were scored 3 or better under drought stress, whereas 75% of NB plants and 50% of TP plants scored 5 or worse. At harvest, control and drought treated plants of all cultivars were still in the vegetative tillering phase (BBCH 20--29). Thus, LC and IR were judged as tolerant and NB and TP as sensitive to long-term drought in the juvenile stage of the plant.Fig. 1Total dry weight of the rice cultivars Nipponbare (NB), Taipei (TP), LC-93-4 (LC) or IR57311 (IR) after 18 days of growth under control or drought treatment. Mean values from three experiments with five plants per cultivar, experiment and treatment condition. Biomass of cultivars was compared within a condition, different letters indicate that log-transformed means differ significantly (α = 0.05). *F* for condition = 357, *p* \< 0.001; F for condition × cultivar = 0.46, *p* = 0.708Table 1Results of statistical analysis by GLM of shoot and root dry weight, shoot:root ratio and shoot water content of rice plants from four cultivars grown under control and drought stress (condition) in three independent experimentsGLMShoot dry weightRoot dry weightShoot:root ratioShoot water contentTransformationLogLogNoneNone*FpFpFpFp*Model49.39\*\*\*55.3\*\*\*11.63\*\*\*162.73\*\*\*Condition337.36\*\*\*297.11\*\*\*23.86\*\*\*1322.57\*\*\*Cultivar23.59\*\*\*21.35\*\*\*1.39n.s.42.13\*\*\*Condition × Cultivar0.08n.s.4.520.0512.550.062.430.069Experiment13.13\*\*\*57.52\*\*\*32.33\*\*\*4.83\*\*Comparison of meansConditionCultivarMean (g)Mean (g)MeanMean (g water/g DW)ControlNB1.63b0.40c4.61a4.79cTP1.91b0.51c4.90a5.01bcIR3.59a1.54a2.75b5.23bLC2.97a0.69b4.46a5.96aDroughtNB0.46B0.11B6.19A2.67BTP0.50B0.12B6.22A2.62BIR0.84A0.16A6.74A2.73BLC0.76A0.17A5.54A3.36AMeans comparison within a treatment level was performed using REGWQ-test (alpha = 0.1), different letters behind mean values indicate significantly different groups. Degrees of freedom for GLM 97--109, n for comparison of means: 12 to 15. n.s. = not significant, \*\**p* \< 0.01, \*\*\**p* \< 0.001

In all cultivars, drought treatment significantly reduced the water content of the shoot at the end of the drought period by about 45% compared to control conditions (Table [1](#Tab1){ref-type="table"}). Interestingly, the water content of the leaf blade was much lower than the total shoot water content and changed less in response to drought (Table [2](#Tab2){ref-type="table"}). Under drought stress, shoot water seemed to be mainly depleted from the tissues of the leaf sheath (data not shown). Shoot water content was higher in the tolerant cultivars IR and LC than in the sensitive cultivars NB and TP. For the cultivar LC, this difference to the sensitive cultivars was significant under control and drought conditions. At harvest, mean water potential of the leaf blades (Table [2](#Tab2){ref-type="table"}) ranged between −0.12 and −0.34 MPa pre-dawn and between −0.96 and −2.42 MPa at mid-day. Pre-dawn and mid-day leaf water potentials were significantly lower under drought than under control conditions. At mid-day, leaf water potential was higher in the tolerant cultivars LC and IR than in the sensitive cultivars NB and TP. Likewise, osmotic potential was significantly lower under drought than under control conditions, with the interesting exception of the tolerant cultivar LC that showed a very negative osmotic potential already under control conditions and no osmotic adjustment under drought stress.Table 2Results of statistical analysis and mean values of absolute water content, relative water content (RWC), pre-dawn (Ψp) (day 18) and mid-day (Ψm) water potential and osmotic potential (π) in four rice cultivars cultivated under control and drought stress conditions (condition)GLMAbsolute leaf water contentRWCΨpΨmπTransformationNoneNoneNoneNoneNone*FpFpFpFpFp*Model4.99\*\*\*1.67n.s.3.43\*111.1\*\*\*10.28\*\*\*Cultivar5.31\*1.64n.s.1.23n.s.15.27\*\*\*4.09\*Condition16.81\*\*\*1.15n.s.10.22\*\*765.8\*\*\*46.62\*\*\*Cultivar × condition0.73n.s.1.89n.s.3.65\*.0.69n.s.6.76\*\*Comparison of meansConditionCultivarMean (g/gDW)P0.1Mean (%)*p*0.1Mean (MPa)p0.1Mean (MPa)*p*0.1Mean (mmol/kg)*p*0.1ControlNB2.41A93a−0.14C−1.17a575bTP2.43A94a−0.15Bc−1.08ab592bIR2.66A92a−0.12Ab−0.96b381aLC2.61A95a−0.31A−0.71c648bDroughtNB2.20B93A−0.30A−2.42A910CTP2.09B94A−0.25A−2.35AB824BCIR2.31AB95A−0.34A−2.29AB779BLC2.49A95A−0.25A−2.04B637AMeans were compared by REGWQ-Test (α = 0.1), different letters behind the means values indicate significantly different groups. Data from one experiment, *n* = 5. n.s. = not significant, \**p* \< 0.05, \*\**p* \< 0.01, \*\*\**p* \< 0.001

During the first 4 days after plants were removed from the water, cultivars did not differ in the amount of water used per day (Table [3](#Tab3){ref-type="table"}). After day four, when the daily water loss was depleted at the end of the light period, the total amount of water used per gram final plant dry weight was significantly lower in the tolerant cultivars IR and LC than in the sensitive cultivars NB and TP (Table [3](#Tab3){ref-type="table"}). However, both tolerant cultivars depleted the soil water content to significantly lower values than the sensitive cultivars, indicating that the tolerant cultivars were not saving water but were rather using the available water more efficiently. Both cultivar groups differed clearly in their response to drought stress, whereas the cultivars within a group showed similar responses and where thus analyzed together as members of a 'tolerance group'.Table 3Results of statistical analysis by GLM and mean values of daily minimum soil water content, daily water use per total dry weight during day 5--18 of drought treatment and water loss per plant and day during the first four days after witholding water supplyGLMDaily minimum of soil water contentDaily water use per DW (day 5 to 18)Water loss from pots (day 1--4)TransformationNoneNoneRegression*FpFpFp*Model3.21\*\*\*8.83\*\*\*0.94n..sDay1.16n.s.0.38n.s.-Cultivar11.39\*\*\*42.63\*\*\*0.94n.s.Comparison of meansConditionCultivarMean (g/pot)*p*0.1Mean (g water/g plant)*p*0.1Mean slope (g water/(plant \*day))*p*0.1DroughtNB4.93A28.27A40.2ATP5.07A21.07B39.7AIR3.94B19.20C42.9ALC2.54C18.35C41.0AData for four cultivars, cultivated in three independent experiments with five plants per cultivar and experiment. Means were compared by REGWQ-Test (α = 0.1), different letters behind the means values indicate significantly different groups. n.s. = not significant, \*\*\** p* \< 0.001

Genotyping of the cultivars {#Sec13}
---------------------------

For all four cultivars, genotyping with subspecies specific STS markers was performed for six locations (Fig. [2](#Fig2){ref-type="fig"}). TP and NB showed, as expected, the length of the PCR product predicted for ssp. *japonica*, IR the amplicon length for ssp. *indica*. The fourth cultivar, LC, for which published pedigree information is missing, showed japonica specific lengths of the PCR products.Fig. 2Gel picture of PCR amplicons for subspecies-specific STS markers S01022, S03020, S03136, S04128, S07011, S070103 with expected fragment sizes for japonica (J) and indica (I) cultivars. Cultivars Nipponbare (NB), Taipei (TP), LC-93-4 (LC) and IR57311 (IR)

Drought and drought × tolerance group effects on gene expression {#Sec14}
----------------------------------------------------------------

To reduce the effect of biological variation between parallel plants on the within treatment variance, we pooled samples from four plants per experiment and cultivar. We used material from three independent experiments to allow stringent statistical data analysis. Genes with expression levels that were significantly affected by drought were identified by fitting a GLM. The final GLM included the main effects dye, condition (E-effect), tolerance group (G-effect), and the G × E interaction effect on the normalized expression level as response variables. Both tolerance groups contained two cultivars each. Genes were identified as significantly affected by tolerance group or condition, when the t-test on the normalized expression values had a fdr corrected *p*-value below 0.05 and the induction or repression factor was at least 1.5.

The number of genes that were significantly differentially expressed between sensitive and tolerant cultivars increased twofold to 225 genes under drought stress compared to 123 genes under control conditions. (Fig. [3](#Fig3){ref-type="fig"}a). Fifty genes were differentially expressed under both conditions.Fig. 3Venn diagrams for groups of genes with significantly different expression levels. Numbers indicate the number of genes in a given group. Numbers in the circle overlap indicate the number of genes common to both compared groups, numbers outside the overlap indicate the number of genes exclusive to the group defined by the criteria given above the circle. **a** Comparison of significantly differently expressed genes between tolerant (T) and sensitive (S) cultivars under control condition (cT − cS) and under drought stress conditions (dT − dS). **b** Comparison of significantly drought-repressed genes in the tolerant group (dT − cT) and the sensitive group (dS − cS). **c**. Comparison of significantly drought-induced genes, abbreviations as in **a**. **d** Comparison of genes that were significantly drought induced or repressed in all cultivars taken together (d − c) with genes that showed a significant condition x tolerance group interaction effect

To identify genes that were generally affected by drought stress in our experiments, we compared mean gene expression values of plants from all four cultivars grown under drought conditions with those of plants from all cultivars grown under control conditions. Drought stress significantly induced 413 genes and repressed 245 genes. Among the genes most highly influenced under drought conditions were genes coding for metallothionein like protein (induction factor 35.2), and late embryogenesis abundant protein (induction factor 23.2). Five genes encoding cytochrome P450 family proteins and three genes encoding serine/threonine protein kinases were found to be highly drought induced as well. The genes that were most strongly repressed by drought stress were mostly coding for unknown or hypothetical proteins, among the known gene products were a putative EF hand and SANT/MYB domain containing protein (Supplemental Table S4).

To identify those genes that may be relevant for the differences in drought stress tolerance between cultivars, we compared the responses of the two tolerant and the two sensitive cultivars. Strikingly, the number of genes that were significantly up- or down-regulated under drought stress was much higher in the sensitive than in the tolerant cultivars (Fig. [3](#Fig3){ref-type="fig"}). The number of genes exclusively drought-repressed in the sensitive cultivars was twice the number of genes exclusively repressed in the tolerant cultivars (Fig. [3](#Fig3){ref-type="fig"}b). For the induced genes, almost six times as many were exclusively induced in the sensitive compared to the tolerant cultivars (Fig. [3](#Fig3){ref-type="fig"}c). To find genes that differed in their treatment-depended expression between cultivars of contrasting tolerance (genes with G × E effect), we singled out those genes that showed a significant t-test for the condition × tolerance group term contrast and an interaction factor (compare Materials and Methods) higher than 1.5. A significant G × E effect was found for 236 genes. Within this group, 78 genes were also significantly affected by drought when all cultivars were compared (Fig. [3](#Fig3){ref-type="fig"}d). Among the genes with a significant condition × tolerance group effect, almost three times as many were drought regulated in both sensitive cultivars than in both tolerant cultivars. This difference resulted from a much higher number of drought induced genes in the drought sensitive than in the drought tolerant cultivars.

Functional testing of selected gene lists {#Sec15}
-----------------------------------------

To identify the parts of metabolism mostly affected by drought stress in rice and responding differently in sensitive compared to tolerant cultivars, we used the published gene ontology annotation (<http://rice.tigr.org>) to sort the genes into metabolic groups. The physiological role of the products of those genes that were significantly induced or repressed in all cultivars under drought stress compared to control conditions was visualized with the software MapMan (Thimm et al. [@CR54]) (Fig. [4](#Fig4){ref-type="fig"}).Fig. 4Induction or repression (log-scale) of genes under drought treatment in all four cultivars encoding enzymes involved in metabolism grouped in functional bins according to MapMan. *Red* indicates down-regulated,*blue* up-regulated genes

For assignment of rice transcripts to MapMan bins, the already established Arabidopsis bin classification was used as a basis. In total, the translated sequences of 11,208 rice transcripts were compared (BLASTX; Altschul et al. [@CR1]) to the TAIR Arabidopsis peptide database version 6. For the majority of transcripts (83%), an Arabidopsis hit with a blast E-value of less than 10E−10 was found, for 39% the E-value was even lower than 10E−100. Sixteen percent of the best blast hits had a rather poor similarity, with an E-value higher than 10E−10. The proportion of blasted sequences, for which no hit in the Arabidopsis peptide database was found, was very low (0.6%). For transcripts with a blast result with an E-value lower than 10E−10, the MapMan bin classification of the best Arabidopsis sequence homolog was used to assign those rice genes to a MapMan bin. Afterwards, classification was curated manually with the help of the rice annotation and gene ontology data, if available. Bin 35 "not assigned" that contains all genes with unknown function and restricted gene ontology information contained a higher percentage (47.5%) of the genes in the rice classification than in the Arabidopsis classification (38.5%). The second highest number of genes was classified to the bin "protein" (bin 29), followed by "RNA" (bin 27). Overall, distribution of known and expressed genes from the 20 K NSF array to bins is similar to the distribution for Arabidopsis MapMan bin classifications (Supplemental Table S5).

To identify those bins that were significantly affected by drought stress, we used two approaches. In the first approach, we calculated the induction factor of all genes in a bin and compared the average induction factor of a bin to that of all other bins by Wilcoxon rank sum test. In a second approach, we counted the genes whose expression was significantly influenced by the condition and the condition x tolerance interaction and used the Fisher exact test to determine whether induced or repressed genes are overrepresented in a bin compared to all other bins (Table [4](#Tab4){ref-type="table"}). The average change in gene expression under drought stress compared to control conditions for all four cultivars is depicted in a MapMan graph (Fig. [4](#Fig4){ref-type="fig"}) to give an overview of the general regulation pattern of genes encoding enzymes involved in major biochemical pathways.Table 4Statistical analysis of the effect of condition, the contrast of drought versus control for the sensitive (dS − cS), or the tolerant (dT − cT) cultivars, or the condition × tolerance group interaction on the expression of genes in the functional groupsBinBin Name*np*-value (Wilcoxon rank sum test) Number of significantly up- or down-regulated genesd − cdS − cSdT − cTInterd − c downd − c updS − cS downdS − cS updT − cT downdT − cT upInter downInter up1PS89*0.0000.0000.000*0.516**21**1**16**2**17**0331.1PS.lightreaction55*0.0000.0000.000*0.937**18**0**11**1**14**0111.1.1PS.lightreaction.photosystem II24*0.0000.0000.000*0.545**10**041**8**0111.1.1.2PS.lightreaction.photosystem II.PSII polypeptide subunits19*0.0000.0000.000*0.821**8**040**6**0011.1.2PS.lightreaction.photosystem I10*0.0000.0000.003*0.616201020001.1.2.1PS.lightreaction.photosystem I.LHC-I30.163*0.096*0.5180.270101000001.1.2.2PS.lightreaction.photosystem I.PSI polypeptide subunits7*0.0040.0130.006*0.958100020001.1.4PS.lightreaction.ATP synthase30.226*0.098*0.5920.870202020001.1.5PS.lightreaction.other electron carrier (ox/red)90.153*0.037*0.9400.435002000001.3.13PS.calvin cyle.rubisco interacting60.4090.854**0.093**0.270000000012Major CHO metabolism590.1580.700**0.052**0.493050415022.2.2Major CHO metabolism.degradation.starch20**0.028**0.143**0.051**0.755020002002.2.2.1Major CHO metabolism.degradation.starch.starch cleavage12**0.0070.0390.086**0.984010001008TCA/org.transformation390.256**0.013**0.940*0.009*130611208.1TCA/org.transformation.TCA230.292**0.025**0.998*0.019*0104102010.8Cell wall.pectin\*esterases70.6550.832**0.096**0.4370101000011Lipid metabolism1840.156**0.011**0.787*0.006*2144**24**433011.6Lipid metabolism.lipid transfer proteins50.2000.1770.3270.8130**3**02020011.9Lipid metabolism.lipid degradation53**0.0090.000**0.471*0.011*060**10**112011.9.2Lipid metabolism.lipid degradation.lipases150.229**0.074**0.805*0.070*0204000011.9.4Lipid metabolism.lipid degradation.beta-oxidation170.110**0.042**0.4710.3040305001013Amino acid metabolism1950.3610.464**0.093**0.8764**22**6**29**285213.2Amino acid metabolism.degradation730.1520.347**0.009**0.9962**13**2**18**053013.2.3Amino acid metabolism.degradation.aspartate family200.4480.6220.4310.9581**6**1**7**042013.2.3.5Amino acid metabolism.degradation.aspartate family.lysine110.1630.2620.1280.6320**4**0**5**022013.2.4Amino acid metabolism.degradation.branched chain group14**0.0120.0200.047**0.437030**6**001013.2.4.1Amino acid metabolism.degradation.branched-chain group.shared90.1610.3160.1170.725020**4**001013.2.4.4Amino acid metabolism.degradation.branched-chain group.leucine40.160**0.056**0.4990.3300102000013.2.6Amino acid metabolism.degradation.aromatic aa150.5810.6220.2070.968040**5**010015Metal handling320.4130.5210.2160.9573**8**3**9**1**6**1015.2Metal handling.binding, chelation and storage240.1530.2780.1050.8362**7**2**8**1**5**1016Secondary metabolism1380.428*0.037*0.790**0.024**41199252116.1Secondary metabolism.isoprenoids43*0.0470.011*0.4840.4441343102016.8Secondary metabolism.flavonoids470.7900.4090.216**0.053**0514030116.8.3Secondary metabolism.flavonoids.dihydroflavonols170.8720.5930.4990.4370101000019Tetrapyrrole synthesis22*0.029*0.1280.2310.8074030401020Stress328**0.0650.025**0.3110.4455215284105020.2Stress.abiotic172**0.0660.004**0.4990.135314318382021Redox.regulation960.8830.5020.9160.5883114**15**243026Misc403**0.0000.0000.000**0.60110**35**13**46**71712426.9Misc.glutathione S transferases330.6990.7820.9690.632462**10**222126.10Misc.cytochrome P45056**0.006**0.177**0.009**0.8432635244226.12Misc.peroxidases180.428**0.099**0.499*0.034*0001001026.21Misc.protease inhibitor/seed storage/lipid transfer protein (LTP) family protein7**0.0890.050**0.7590.1790102001027RNA10330.4140.593*0.0000.003*32333253211811727.3RNA.regulation of transcription7860.6550.396*0.0010.001*29292748211611627.3.3RNA.regulation of transcription.AP2/EREBP, APETALA2/Ethylene-responsive element binding protein family200.4430.1770.998*0.018*0304012027.3.24RNA.regulation of transcription.MADS box transcription factor family170.224*0.056*0.6440.4931010000027.3.99RNA.regulation of transcription.unclassified2510.9440.3440.249*0.034*58614484128DNA359*0.0230.039*0.4990.58859514435328.1DNA.synthesis/chromatin structure294*0.0130.025*0.4840.57148512435328.1.1DNA.synthesis/chromatin structure.retrotransposon/transposase181*0.0230.095*0.3270.8581325103329Protein1276*0.068*0.396*0.018*0.891253237531421101129.1Protein.aa activation56*0.0420.004*0.787**0.036**0010000129.2Protein.synthesis226*0.0000.0000.000***0.002**71133220529.2.1Protein.synthesis.chloroplast/mito - plastid ribosomal protein370.359*0.000*0.327**0.000**4060120**5**29.2.1.1Protein.synthesis.chloroplast/mito - plastid ribosomal protein.plastid240.371*0.000*0.279**0.000**40**6**0110**5**29.2.2Protein.synthesis.misc ribososomal protein116*0.0000.0000.000*0.4453172000029.5Protein.degradation520**0.0660.000**0.945*0.009*71813337114529.5.3Protein.degradation.cysteine protease25**0.0800.007**0.499*0.059*050**9**030029.5.11Protein.degradation.ubiquitin305**0.0560.000**0.973*0.006*17215341229.5.11.4Protein.degradation.ubiquitin.E32020.191**0.001**0.854*0.008*05111231129.5.11.4.2Protein.degradation.ubiquitin.E3.RING1000.416**0.071**0.8970.2200315120029.5.11.4.3Protein.degradation.ubiquitin.E3.SCF850.361**0.093**0.9400.4370105101129.6Protein.folding320.249*0.017*0.925**0.029**0020000030Signalling4610.5850.7750.105*0.038*1598231455230.2.15Signalling.receptor kinases.thaumatin like60.6810.3230.9050.5160000000030.3Signalling.calcium860.6860.1020.200*0.001*2327222030.5Signalling.G-proteins680.156**0.093**0.4990.5880216121231.4Cell. vesicle transport66**0.0680.042**0.7240.5160000000034Transport440**0.058**0.1430.4990.564102619**42**111211334.1Transport.*p*- and v-ATPases17**0.0070.000**0.581*0.009*1213101034.8Transport.metabolite transporters at the envelope membrane130.4110.3960.4990.588141**5**110034.19Transport.Major Intrinsic Proteins130.191*0.036*0.7970.5161010100034.19.2Transport.Major Intrinsic Proteins.TIP60.103*0.098*0.4770.9401010100035Not assigned53240.700*0.025*0.231**0.00088143**118**201**6876545635.1Not assigned.no ontology18390.300**0.062**0.9980.539285735761732252235.1.40Not assigned.no ontology.glycine rich proteins11**0.0280.021**0.1730.7730304020135.2Not assigned.unknown34850.191*0.000*0.155**0.000**60**86**83**125**51442934The probability of the Wilcoxon rank sum test (p(Wilcoxon)) indicates whether the average induction or interaction factor of all genes in a functional group is significantly higher (*bold*) or lower (*italicized*) than the average factor of all groups. Numbers of significantly up- or down-regulated genes are printed in bold, when a bin contains a significantly higher number of genes with significantly altered expression than the number averaged over all bins

Under drought stress, we found a highly significant down-regulation of genes that code for proteins involved in the photosynthetic light reactions, especially those of photosystem II, both at the level of average induction factors as well as the number of repressed genes. Gene repression was furthermore found for isoprenoid metabolism and a number of protein synthesis bins, especially amino acid activation and synthesis of ribosomal proteins (Table [4](#Tab4){ref-type="table"}). Concordantly, genes for amino acid and lipid degradation were up-regulated.

To identify the metabolic pathways that differed in drought-induced changes between tolerant and sensitive cultivars, we used the parameters induction factor calculated separately for drought tolerant and drought sensitive cultivars, and interaction factor. The absolute interaction factor is high when the compared cultivars show opposite responses, and close to zero when the compared cultivars show concordant responses. Bins were compared for both induction and interaction factors by Wilcoxon rank sum test. Again, the percentages of drought-induced or repressed genes or genes with a significant interaction effect within each bin were compared to the general distribution by Fisher exact test (Table [4](#Tab4){ref-type="table"}). We identified a number of pathways, in which gene expression was differentially affected by drought in sensitive and tolerant cultivars. In the sensitive cultivars, genes for protein synthesis were strongly down-regulated, especially those genes coding for ribosomal proteins of plastids. The effect was not a consequence of the down-regulation of a few genes, but rather a response of all genes in the bin. Concordantly, genes for protein degradation were strongly up-regulated in the sensitive cultivars. The induction factor for cysteine proteases and ubiquitin E3 ligases were significantly higher than average for the sensitive cultivars whereas the tolerant cultivars showed no drought effect on the gene expression of these pathways. In the next steps after protein degradation, namely amino acid degradation and the metabolisation of the carbon bodies by the TCA cycle, up-regulated genes were overrepresented in the sensitive, but not in the tolerant cultivars. Likewise, genes for the lipid degradation pathway, which feeds into the TCA cycle as well, were significantly induced in the sensitive, but not in the tolerant cultivars. The overall picture is that the high number of genes differentially expressed under drought stress in drought sensitive and drought-tolerant cultivars indicates a shift of metabolism towards degradation pathways in sensitive cultivars.

Drought stress strongly down-regulated photosynthesis genes in both sensitive and tolerant cultivars. However, for the polypeptide subunits of photosystem I and photosystem II, the number of down-regulated genes was, surprisingly, higher in the tolerant than in the sensitive cultivars, in spite of the higher growth rate of the tolerant cultivars (Table [4](#Tab4){ref-type="table"}). Drought repressed gene expression specifically in tolerant cultivars for photosystem II protein D2 and a photosystem II 44 kDa protein, two chlorophyll a/b binding proteins, the photosystem I reaction center subunits III and IX, ribulose bisphosphate carboxylase small subunit C and the alpha and beta chains of cytochrome b559 (Supplemental Table S4).

The genes of the cytochrome P450 bin (Table [4](#Tab4){ref-type="table"}, bin 26.10), which contained one of the most highly drought induced genes, were generally up-regulated under drought stress. The induction factor of the entire gene family was significant in the tolerant but not in the sensitive cultivars, which makes this bin another candidate for pathways contributing to drought-tolerance. Five cytochrome P450 genes exhibited a significant G × E interaction effect on their expression level. Two cytochrome P450 cyp86A2 genes were induced under drought in the tolerant but not in the sensitive cultivars resulting in a significant positive G × E interaction. In contrast, cytochrome P450 76C2 was 10-fold induced in the sensitive, but just two-fold in the tolerant cultivars and thus showed a negative G × E interaction.

Among the other bins that contained the most highly drought induced genes, the bin with the LEA proteins (bin 33.2) was represented with too few genes on the slide to allow a general statement. The bin with the metallothionein genes (bin 15.2) contained a significantly higher number of up-regulated genes in the sensitive than in tolerant cultivars.

Thus, the analysis of drought effects on gene expression yielded two candidate bins that may contribute to improved performance of tolerant cultivars, namely the bins containing photosynthesis and cytochrome P450 genes.

Mapping of candidate genes to drought tolerance QTL and confirmation by quantitative RT-PCR (qRT-PCR) {#Sec16}
-----------------------------------------------------------------------------------------------------

To identify genes that localize to genomic regions contributing to drought tolerance under field conditions, we mapped our candidate genes to drought tolerance QTL available in the Gramene Database. Location of the QTL was estimated with the help of the flanking markers and QTL longer than 5 million bases were excluded.

Of the 236 genes with a significant G × E interaction, 108 (45.8%) fell into a published QTL (Table [5](#Tab5){ref-type="table"} and Fig. [5](#Fig5){ref-type="fig"}). Likewise, 44.5 % of the genes that were significantly affected by drought (E effect) fell into a QTL. Among the genes that had no significant effect of G × E or E, 42.8% fell into published QTL. The hypothesis that there is an overrepresentation of genes with significant effect in QTL is thus to be rejected with an error of *p* = 0.2. Genes that were drought affected in our climate chamber experiments were thus only slightly and not statistically significantly overrepresented in drought related QTL. However, as many of these QTL have been identified in field trials, the location of a candidate gene within a QTL increases the likelihood that the gene is relevant for drought tolerance under field conditions. We thus used the location within a QTL as an additional filter to narrow down the list of candidate genes gained from our climate chamber experiments.Table 5Number and fraction of genes located within or outside of the QTL shown in Fig. [5](#Fig5){ref-type="fig"} that have an effect (yes) or have no effect (no) of condition (d − c) or condition × tolerance group (inter) on gene expression and the result of the contingency table analyses by Fisher exact test (prob = probability)d − c = yesd − c = nointer = yesinter = non(Location within QTL)28645081084686n(Location outside QTL)35660211286249Percentage within QTL/total44.542.845.842.8Prob0.2060.204Fig. 5Published QTL related to drought tolerance in rice with a size below 5 Mb and location of genes with a significant E effect (*circles*) or a significant G × E effect (*squares*).*Red* symbols indicate repression of gene expression or interaction factor \<−1.5,*blue* symbol induction of gene expression or interaction factor \>1.5

We chose 45 of the 108 QTL located genes with a significant G × E effect, based on the *p*-values, for an additional analysis by qRT-PCR (Table [6](#Tab6){ref-type="table"}), using material from an independent experiment (\#4). Due to the smaller number of plants sampled (three instead of 12), the test power was lower than in the statistical analysis of the array data. In the qRT-PCR analysis, 22 genes showed a significant G × E interaction at the *p* = 0.1 level. For 32 genes, the *p*-value was lower than 0.25 (Table [6](#Tab6){ref-type="table"}). Among the genes with a significant G × E effect in both array and qRT-PCR analyses was a putative LEA protein, a MYB transcription factor and an ethylene responsive transcription factor, but also a number of genes with unknown function that would not have been identified as candidates in a search focused on functional categories.Table 6Results of the statistical analysis of the expression data from the four cultivars NB, TB, LC and IR measured by qRT-PCR for 45 genesOligo IDLocus IDAnnotation (TIGR Version 5)*p* d − c*p* InterTR000232LOC_Os01g04860Expressed protein**0.0160.085**TR000321LOC_Os01g06310Glycine-rich cell wall structural protein precursor, putative, expressed**0.000**0.609TR000345LOC_Os01g06740Protein synthesis inhibitor I, putative, expressed**0.0020.098**TR002928LOC_Os01g60260Protein held out wings, putative, expressed0.6740.115TR003102LOC_Os01g63060Expressed protein**0.0300.017**TR003185LOC_Os01g64660Fructose-1,6-bisphosphatase, cytosolic, putative, expressed0.2100.452TR003619LOC_Os01g72370ORG3, putative, expressed**0.001**0.286TR005088LOC_Os02g41470Lysyl-tRNA synthetase, putative, expressed**0.000**0.432TR006178LOC_Os03g03510CIPK-like protein 1, putative, expressed**0.0730.050**TR006269LOC_Os03g04710Expressed protein**0.001**0.702TR006722LOC_Os03g11900Sugar transport protein 8, putative, expressed**0.000**0.183TR006919LOC_Os03g14990Chorismate synthase 2, chloroplast precursor, putative, expressed**0.0490.019**TR006994LOC_Os03g16050Fructose-1,6-bisphosphatase, chloroplast precursor, putative, expressed**0.013**0.220TR007134LOC_Os03g18130Asparagine synthetase, putative, expressed**0.013**0.162TR007277LOC_Os03g2010030S ribosomal protein S1, chloroplast precursor, putative, expressed**0.000**0.453TR007351LOC_Os03g21370Expressed protein**0.000**0.766TR007427LOC_Os03g22620Terpene synthase 7, putative, expressed**0.000**0.212TR007848LOC_Os03g37490Transparent testa 12 protein, putative, expressed0.584**0.043**TR007941LOC_Os03g40020Rf1 protein, mitochondrial precursor, putative, expressed**0.043**0.415TR008098LOC_Os03g44810Expressed protein**0.098**0.121TR008765LOC_Os03g56930Protein app1, putative, expressed0.598**0.000**TR008795LOC_Os03g57640Gibberellin receptor GID1L2, putative, expressed**0.0970.059**TR008838LOC_Os03g58400N/A**0.0810.094**TR008946LOC_Os03g6010050S ribosomal protein L17, putative, expressed**0.000**0.105TR009108LOC_Os03g62630Structural constituent of ribosome, putative, expressed**0.0000.094**TR010306LOC_Os04g38680Amino acid/polyamine transporter II, putative, expressed**0.000**0.393TR011061LOC_Os04g52090Ethylene-responsive transcription factor 4, putative, expressed**0.0000.050**TR011145LOC_Os04g53210Hydroxyacid oxidase 1, putative, expressed**0.0010.071**TR011237LOC_Os04g55600Expressed protein0.8170.252TR011248LOC_Os04g55710Transposon protein, putative, unclassified, expressed**0.0060.054**TR011361LOC_Os04g57550Lysine-specific histone demethylase 1, putative, expressed0.9280.409TR012002LOC_Os05g39250Expressed protein**0.0000.037**TR012195LOC_Os05g46480Late embryogenesis abundant protein, group 3, putative, expressed**0.0000.020**TR012608LOC_Os06g08720Serine carboxypeptidase K10B2.2 precursor, putative, expressed**0.017**0.601TR012706LOC_Os07g02330Catalytic/ protein phosphatase type 2C, putative, expressed**0.0000.006**TR012727LOC_Os07g02710Expressed protein**0.000**0.126TR012858LOC_Os07g04930Vegetative cell wall protein gp1 precursor, putative, expressed**0.000**0.516TR013075LOC_Os07g08840Thioredoxin H-type, putative, expressed**0.008**0.112TR013365LOC_Os07g15460Metal transporter Nramp6, putative, expressed**0.0000.059**TR014542LOC_Os07g44410WD40-like Beta Propeller Repeat family protein, expressed**0.0000.000**TR014718LOC_Os07g47590Expressed protein0.288**0.000**TR014740LOC_Os07g47990Peroxidase 2 precursor, putative, expressed**0.0020.039**TR014832LOC_Os07g49270AMP deaminase, putative, expressed**0.0000.007**TR014937LOC_Os08g02490DNA-binding protein, putative, expressed**0.002**0.166TR020013LOC_Os12g37690MYB transcription factor, putative, expressed**0.0000.032***p*-Values of the ANOVA lower than 0.1 for the treatment contrast (*p* d − c) and the condition x tolerance interaction (*p* Inter) are printed in*bold*. Expression values were measured on three replicate plants per treatment from one biological experiment that was independent of the three experiments used for expression profiling

Discussion {#Sec17}
==========

Physiological response of rice to drought stress {#Sec18}
------------------------------------------------

The aim of this study was to identify mechanisms with a general relevance for drought tolerance in rice by comparing cultivars that differ in tolerance to long-term drought stress. We focused on long-term stress, as we were most interested in mechanisms that contribute to performance of rice in an agronomic environment under upland growth conditions where drought stress often persists for a considerable time of the plant's life cycle. For the varieties used in our study, life cycle is three to four months. A stress treatment of more than two weeks in the juvenile phase, which is an especially drought-sensitive growth stage (Banoc et al. [@CR3]; Kamoshita et al. [@CR22]), can thus be considered long-term. Seedling vigor, the ability to keep a high biomass alive during drought stress, has been shown to be essential for recovery and final yield in field and greenhouse experiments (Kamoshita et al. [@CR22]). Mechanisms identified to keep the plant vital during drought stress in the juvenile stage are thus relevant for performance in a drought-prone environment.

The response of plants to stress will depend not only on the duration, but also on the degree of stress imposed. We used the parameters leaf water potential, growth reduction and drought score to characterize the degree of stress and to allow comparison with results from other experiments. The water potentials observed under drought stress in our experiments were comparable or higher (less negative) to those found in drought stress experiments under field conditions (Turner et al. [@CR57]; Jongdee et al. [@CR21]; Kamoshita et al. [@CR22]). The reduction of shoot biomass by about 75% was more severe than in moderate drought stress trials that resulted in 25--50% yield loss (Babu et al. [@CR2]; Fischer et al. [@CR12]; Lanceras et al. [@CR27]), but less severe than in terminal drought stress trials (Lafitte et al. [@CR25]). Based on the drought score, the stress imposed in our experiments yielded less or similar damage than the stress treatment in field trials (Babu et al. [@CR2]). Thus, the stress imposed can be classified as moderate to strong long-term drought stress comparable to stress under field trial conditions.

The relevant parameter for a stress tolerant crop is yield: varieties that produce more grain under stress than sensitive cultivars are considered tolerant (Fischer et al. [@CR12]). The parameter yield cannot be determined in a short-term test like ours. We therefore used so-called secondary traits to estimate tolerance. The parameter absolute biomass at the end of the drought stress was chosen as it is associated with superior recovery ability after stress release (Fukai and Cooper, [@CR13]; Kamoshita et al. [@CR22]). The parameter drought score, which is based on leaf survival, was used as it correlates to yield and shows the best heritability of those secondary traits that can be scored in the vegetative stage (Fischer et al. [@CR12]). Furthermore, we found a higher reproducibility of a tolerance classification based on these parameters compared to other parameters (e.g. PAM measurements, height, tiller numbers; data not shown).

Based on the secondary traits absolute biomass and drought score, 21 cultivars, including 17 Vietnamese cultivars from a breeding program for drought stress resistance, were characterized for drought tolerance in our experimental system. The two sensitive cultivars (NB and TP) and the two tolerant cultivars (LC and IR) were chosen as they showed the most stable response over three independent experiments. The characterization of drought tolerance was done in an experimental system with a low soil depth, in which water was supplied from above. This system mimics an upland field with a shallow soil layer and insufficient water supply by rain or irrigation. The effect of differences in rooting depth on the tolerance assessment, which is often linked to superior performance under drought conditions (Kamoshita et al. [@CR23]; Wade et al. [@CR60]), was reduced in the experimental system. Indeed, shoot:root ratios under drought stress did not differ significantly between cultivars. In spite of that, both tolerant cultivars depleted the soil water more than the sensitive cultivars. At the same time, the higher (less negative) mid-day water potentials in the tolerant cultivars suggest a lower degree of stress compared to the sensitive cultivars. This is confirmed by the higher harvest biomass and significantly higher water use efficiency in the tolerant compared to the sensitive cultivars. Thus, the tolerant cultivars were able to use more of the available water and use it more efficiently for dry matter production. Maintenance of a high transpiration rate during periods of severe drought correlates with a superior recovery of young plants when drought is released (Wade et al. [@CR60]). Within a group of closely related double-haploid rice lines, not only high transpiration rates during drought stress were linked to drought tolerance, but also high water use efficiency (Siopongco et al. [@CR51]). The adaptive mechanisms of LC and IR, that both show high water uptake and water use efficiency, are thus relevant for the selection of improved cultivars within the 'more crop per drop' strategy.

Drought effects on gene expression {#Sec19}
----------------------------------

Transcript profiles of leaf samples from control and drought stressed plants were generated to identify genes and pathways that may contribute to the higher tolerance and water use efficiency of LC and IR compared to NB and TP. The sequence data from one of these cultivars, Nipponbare (NB) are the basis of the gene models from the TIGR Rice Annotation, that were used to design the NSF oligonucleotide microarray. This array contains about 50% of the rice predicted genes models. As the oligonucleotides on the array are short (50--70 bases) and only a single oligonucleotide has been spotted per gene, sequence differences between the cultivars could result in a stronger hybridization of labelled cDNA from the *japonica* cultivars compared to the *indica* cultivar IR. Obviously, also the expression of genes in the *indica* cultivars that are not present in the *japonica* genome could not be detected with the arrays used in our study. We did not optimize the design of the experiments and data evaluation to identify constitutive differences in gene expression between tolerant and sensitive cultivars, although they could also be a source of increased stress tolerance.

We focused on genes that differed in their response to drought stress between two tolerant cultivars on the one hand and two sensitive cultivars on the other hand. In statistical terms, this means that we searched for genes showing a significant interaction effect between condition and tolerance group. To validate our method, we checked, whether genes that had previously been described as drought induced in rice or other monocots can be found among those that showed a significant effect of condition on expression in our experiments. Among the genes that were significantly drought induced, we indeed found metallothioneins and late embryogenesis abundant proteins that had previously been found to be induced in young rice plants under long-term drought stress (Reddy et al. [@CR45]; Hazen et al. [@CR19]; Markandeya et al. [@CR33], [@CR34]) and in barley and Arabidopsis thaliana (Ozturk et al. [@CR41]; Seki et al. [@CR50]; Talame et al. [@CR53]) under drought stress. Also, cytochrome P450 family proteins and serine/threonine protein kinases that were prominent among genes in EST libraries from drought-stressed rice plants (Reddy et al. [@CR45]) showed a significant effect of condition in our study.

To facilitate a functional interpretation of the changes in gene expression of rice in response to drought stress, we used the published sequence of *Oryza sativa* cv. Nipponbare (Matsumoto et al. [@CR35]) for a homology search to the Arabidopsis genome and sort the genes that we found expressed on the NSF array into functional categories, using the established MapMan bins. We used two statistical methods to identify those bins in which gene expression was strongly affected by drought. In the first approach, the mean induction factor for all genes in a bin was calculated and compared to the mean induction factors of all other bins. In the second approach, the percentage of genes with significantly changed expression in a bin was compared to the overall percentage of genes with significantly altered expression. Both approaches can lead to completely different but biologically meaningful results. If half of the genes in a bin are strongly repressed and the other half is strongly induced, the average induction factor will not be significantly different from zero. However, the percentage of differentially expressed genes will be 100% and therefore significantly different from the overall percentage of regulated genes. Such a pattern might be expected if expression of genes within a large family switches from a set of genes coding for nontolerant isoenzymes to stress tolerant isoenzymes. On the other hand, most of the genes in a family could be induced just below the set threshold and only a few above it. In this case, the percentage of significantly induced genes would not be different from the general mean, but the average induction factor for the bin could be significantly higher than the average over all other bins. As both situations, switch to different genes of a family and weak but concordant induction of many genes in a functional group, could be important for the identification of functional categories relevant for drought stress responses, we used both approaches.

Like other authors (Munne-Bosch and Alegre [@CR38]; Hazen et al. [@CR19]), we found strong evidence that drought stress causes a transition of metabolism from protein synthesis to degradation in rice. Amino acid activation and synthesis of ribosomal proteins were down-regulated, and amino acid and protein degradation, especially by the ubiquitin pathway, were up-regulated. Together with the general down-regulation of protein synthesis, genes coding for proteins of the photosynthetic light reactions were repressed as well, especially those of photosystem II. This corresponds to the visible bleaching of drought-stressed leaves and a decrease in photosynthetic activity (Do and Zuther, unpublished data). Photosystem II activity and its main regulatory mechanisms are severely affected by drought (Pieters and El Souki [@CR42]). Down-regulation of photosynthesis genes under drought stress has been observed before in rice and barley under moderate long-term drought-stress in the field (Ozturk et al. [@CR41]; Hazen et al. [@CR19]) and under controlled conditions (Talame et al. [@CR53]).

Differential response of tolerant and sensitive cultivars to drought stress {#Sec20}
---------------------------------------------------------------------------

To identify genes that may be relevant for the differential drought tolerance of rice cultivars, we looked for genes that showed differences in expression between the tolerance groups identified by our physiological measurements. This search strategy implies that genes contributing to tolerance show different expression patterns in the tolerant compared to the sensitive cultivars.

To find such genes, we identified those that showed a significant *t*-test for the condition × tolerance group term and an interaction factor higher than 1.5. To identify the source of the interaction, we compared the expression in sensitive cultivars under control (cS) and under drought conditions (dS), and in tolerant cultivars under control and drought conditions (cT, dT). The number of genes that were significantly drought-induced was much higher in the group of sensitive than in the group of tolerant cultivars. (Hazen et al. [@CR19]) also found large differences between cultivars in the number of drought affected genes. In controlled environment experiments, moderate and severe drought stress induced a higher number of genes in IR62266, which is considered to be tolerant under these conditions, than in CT9993, which is considered to be sensitive to drought (Hazen et al. [@CR19]).

Intuitively, one might expect more changes in the tolerant cultivars, which should carry those genes that contribute to increased tolerance. In fact, this pattern has recently been observed in Arabidopsis accessions differing in freezing tolerance (Hannah et al. [@CR17]). However, the sensitive genotypes could show more changes if the imposed degree of stress evoked additional, damage related responses that were not yet induced in the tolerant genotypes. This pattern has been observed in salt- stressed rice, where salt stress changed expression of many more genes in the sensitive than in the tolerant cultivars (Walia et al. [@CR61], [@CR62]). These differences were attributed to the higher Na^+^ accumulation in the sensitive cultivars that required more adjustments of metabolism. For these damage related genes, the tolerant cultivars should show low expression levels under both control and stress conditions, whereas the sensitive cultivars should show increased expression under stress. The resulting interaction factor \[(dT−cT)−(dS−cS)\] for these genes would then be negative.

Alternatively, genes that contribute to drought tolerance could be constitutively highly expressed in the tolerant group. If these genes are not (or very lowly) expressed in the sensitive cultivars, they will not be reliably identified with our search strategy. If these tolerance genes are drought-induced in sensitive cultivars, a negative interaction factor will result. A negative interaction factor can thus result from both stress-damage induced gene expression and stress-induced expression of tolerance genes that are constitutively expressed in tolerant cultivars. In the former case, expression levels will be low in the tolerant cultivars, in the latter case high.

Most genes with a negative interaction factor code for enzymes involved in degradation pathways, namely of lipids and proteins, especially cysteine proteases. For these genes, expression levels were generally low under control conditions for all cultivars and increased in the sensitive cultivars under drought stress. This expression pattern indicates that genes are most likely associated to damage-related responses. A similar response has been found in Fabaceae, where the activity of proteolytic enzymes increases more under drought stress in sensitive than in tolerant species (Roy-Macauley et al. [@CR48]). In addition to lipid and protein degradation, downstream catabolic pathways of degradation products were induced in sensitive cultivars. This expression pattern was found for genes coding for enzymes of amino acid degradation pathways and of the TCA cycle that may contribute to metabolizing products of lipid degradation and fumarate produced by the urea cycle during amino acid degradation. This suggests that up-regulation of many of these genes is related to stress induced damage in the sensitive group rather than a tolerance conveying response. This is emphasized by findings in wheat (Gregersen and Holm [@CR15]) that genes coding for enzymes involved in protein degradation as well as fatty acid and carbohydrate breakdown are induced during leaf senescence. Induction of cysteine proteases and lipid degrading enzymes were reported as part of programmed cell death in senescing leaves (Lim et al. [@CR31]). The same authors report a down-regulation of anabolic pathways, especially of protein synthesis, rRNA and tRNA during senescence. We also found a down-regulation of many genes coding for components of the protein synthesis pathway, especially ribosomal proteins, under drought stress in the sensitive cultivars. The tolerant cultivars were much less affected, as indicated by the significantly positive interaction term. The majority of genes that were induced by drought stress in sensitive but not tolerant cultivars are thus related to senescence rather than to stress tolerance mechanisms. This interpretation is in accordance with the visual phenotype of the plants: sensitive cultivars showed yellowing and partial leaf death under drought stress, whereas the leaves of tolerant cultivars remained green. Recently, a remarkable increase of drought tolerance has been shown in plants, in which drought-induced leaf senescence was suppressed by the overexpression of isopentenyltransferase under the promoter of a senescence associated receptor protein kinase (Rivero et al. [@CR47]). This stresses that the difference in the expression of senescence related genes between sensitive and tolerant cultivars is more than a side effect and may actually actively contribute to drought sensitivity.

As a case study for constitutively expressed tolerance genes, we compared gene expression in LC, which had a constitutively low leaf water potential, to the other cultivars by contrast analysis. Only 17 genes were significantly higher expressed in LC than in the other cultivars and showed a significant induction under drought in the latter. As especially the first comparison has a high type II error risk, the number of genes that show this expression pattern may be considerably higher. With the exception of an amino acid transporter, none of these 17 genes was involved in the synthesis or transport of known compatible solutes, although genes for trehalose, inositol and proline metabolism and 36 amino acid transporters were represented on the chip and expressed in the leaf tissues of the cultivars.

In contrast, there are some genes and gene groups, for which tolerant cultivars show more change and these are the interesting candidates for tolerance related processes. One candidate process whose regulation may contribute to drought tolerance is photosynthesis. Amounts of thylakoid membrane proteins were reduced (data not shown) and genes coding for PSI and PSII subunits were down-regulated by drought stress in all cultivars. The reduction of gene expression suggests that the observed decrease of photosynthetic capacity was not only due to drought induced damage of the photosynthetic apparatus, but may be a regulatory response. The number of significantly down-regulated photosynthesis-related genes is indeed higher in the tolerant than in the sensitive group, indicating a role for this regulation in drought tolerance. It is nevertheless unexpected, as the tolerant cultivars produced more biomass (Fig. [1](#Fig1){ref-type="fig"}) and had a higher photosynthetic capacity (data not shown) under drought conditions than the sensitive cultivars. A down-regulation of photosynthetic genes in the tolerant cultivars may therefore indicate an adaptive response to prevent photodamage during times of reduced CO~2~ availability in the mesophyll when stomata are closed due to water shortage. Reduction of photosynthesis is by no means drought specific, but is observed under heat, salt and chilling stress as well (Sayed [@CR49]; Yan et al. [@CR66]). In fact, photosynthesis-related genes are found to be massively repressed in Arabidopsis after a shift to low growth temperature (Hannah et al. [@CR16]) and the magnitude of this repression is positively correlated with the freezing tolerance of different accessions (Hannah et al. [@CR17]). However, drought stress seems to specifically act on proteins of the light harvesting complex of photosystem II (Sayed [@CR49]). In agreement with this, additional photosynthesis measurements on the four cultivars (results not shown) revealed specific changes in the photosynthetic electron transport chain in response to drought. Thus, investigating the regulation of photosynthesis under drought stress may yield important insights into drought tolerance mechanisms.

Within the second candidate group, the cytochrom P450 genes, two cyp86A2 genes were induced under drought in the tolerant but not in the sensitive cultivars. In Arabidopsis, CYP86A2 catalyze the oxidation of fatty acids and are involved in the biosynthesis of extracellular lipids and cuticule development (Xiao et al. [@CR64]). CYP86A2 transcripts are increased under various stress conditions including drought (Duan and Schuler [@CR9]) and co-expressed among others with genes encoding enzymes involved in the TCA cycle, fatty acid elongation, wax and cutin metabolism (Ehlting [@CR10]; Ehlting et al. [@CR11]). In rice, epicuticular wax content is low but genetic variation of the amount exists (O'Toole and Cruz [@CR40]). Induction of cuticula biosynthesis under drought could thus reduce non-stomatal water loss in the tolerant cultivars and thereby contribute to the observed increased water use efficiency. In Arabidopsis, cyp86A2 is furthermore coexpressed with genes coding for chlorophyll biosynthesis and photosystems, which suggests a link to the second process that has been identified as relevant for rice drought tolerance (Ehlting [@CR10]).

Cytochrom P450 76C2, which is more highly induced in the sensitive than in the tolerant cultivars, is known to be induced during hypersensitive and developmental cell death, senescence and also under drought stress (Godiard et al. [@CR14]; Narusaka et al. [@CR39]), stressing the significance of both differences in P450 protein regulation and senescence associated processes for the drought-tolerance of rice.

Candidate selection by comparison with known QTL {#Sec21}
------------------------------------------------

In contrast to the drought-induced genes, many of which are functionally annotated, the genes with the highest repression factors were mostly of unknown or putative function. These genes could be as relevant for drought-tolerance as the highly induced genes, however, they are obviously much more difficult to interpret and much more time consuming to study functionally. To narrow down the list of genes with a significant G × E interaction to those that could be relevant in an agronomical environment, we compared their positions with published QTL, a strategy that has been successfully used before (Wayne and McIntyre [@CR63]; Hazen et al. [@CR19]). Indeed, four of the six cytochrome P450 genes that showed a significant G × E effect and the most highly induced gene encoding a late embryogenesis abundant protein are located in QTL. Among the five metallothionein-like protein genes represented on the chip, four, including the most highly drought induced gene, co-locate with drought QTL. Thus, the approach may yield interesting candidates for further functional studies, e.g. through transgenic approaches. The candidate list could be further narrowed down by checking candidate gene expression in DH or RIL lines characterized for their contrasting drought tolerance in the QTL region of interest. This strategy could also include genes of unknown function and thus open up the chance to discover truly unknown genes that are relevant for drought stress tolerance. The feasibility of confirming the expression pattern of such genes identified by array experiments in independent plant material has been shown in our study using qRT-PCR. In spite of the false positive risk in the array study and the high type II error in the qRT-PCR study, a significant interaction was confirmed for half of the genes. Furthermore, interaction coefficients calculated from microarray data and qRT-PCR correlated closely (data not shown). In further studies (Degenkolbe et al., manuscript in preparation), we tested the relevance of these candidate genes in an association-type approach by measuring their expression in a range of more than 20 rice cultivars of varying drought tolerance from different genetic backgrounds. Furthermore, this approach will unravel potential associations between the candidate gene and the parameters used for tolerance determination (MacNair [@CR32]).
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